Abstract-This paper presents a novel approach for demand side management (DSM) in a power distribution system by incorporating smart meter data. The approach is aimed at savings maximization by minimizing the energy consumption cost of electricity consumers. The core of the approach consists of data clustering in order to forecast demand for the benefit of DSM decisions by incorporating alternate profiles through extended kmeans algorithm, Taylor series linearization and particle swarm optimization. Two cases including integration of PV generation are simulated using the Irish data of more than 5000 smart meters. Different demand flexibility levels are considered in different Scenarios. The paper argues that inherent non-linearity of raw profiles, is likely to provide suboptimal DSM solutions against electricity consumer cost savings, however the uniformity and smoothness of reshaped alternate profiles are more likely to provide optimal DSM solutions, providing electricity consumers a true benefit for their participation in the DSM process.
INTRODUCTION
Demand side management (DSM) is one of the smart techniques that enable smart grids to achieve their intended functionality [1] . A great deal of benefit in terms of reduction of peak of load and reshaping the electricity demand can be achieved by managing the energy demand at consumers end [2] . Efficient DSM can potentially optimize the utilization of existing infrastructure which can help in delaying construction of infrastructure for generation, transmission or distribution networks [3] .
Underlying principle behind the implementation of DSM within the context of smart grids is to improve the efficiency, security, reliability and sustainability of the system by enabling the renewable energy sources (RES) integration into the system while utilizing the maximum capacity of the existing infrastructure [3, 4] . Literature shows that the primary objective of the DSM is to reduce system peak load and operational cost [3] . Due to its effectiveness, load shifting [5] is most commonly used and widely applied load management technique in current distribution networks [3] . This technique shifts the load from peak hours to off-peak hours by benefiting from the time independence of the load. Implementation of such a technique requires prior knowledge about the expected load profile of the consumer and sophisticated coordination between the electricity consumer and utility.
DSM can potentially benefit the entire smart grid, but the benefits are more apparent at the distribution network level [3] . Although the latent demand flexibility at the consumer end can be exploited using DSM, for a distribution network with thousands of consumers, managing the demand at the individual consumer level is a challenging task. Alternatively, aggregation of load at the substation level can potentially blind the operator from the load variations at a lower level. Thus, the demand flexibility at individual consumer level should be exploited using smart meter data. However, size of smart meter data, high dimensionality and heterogeneity of the load profiles [6] poses great computational challenges to the application of DSM at the electricity consumer level.
The size and heterogeneity of the load profiles can be managed using appropriate computational techniques like data mining algorithms. Data clustering is one such technique which tends to construct clusters such that the profiles within the same clusters are relatively similar and profiles of different clusters are relatively different [6] . Many clustering techniques have been used in the literature for clustering the smart meter data, and k-means clustering algorithm [7] is one of the most commonly used clustering algorithm. Different variations of the k-means clustering have also been reported in literature including fuzzy c-means [8] , x-means clustering [9] etc.
Clustering load profiles reduces the number of individual load profiles, however, the high dimensionality and non-linear nature of energy consumption patterns undermines implementation of linear optimization techniques for DSM. At the same time load is stochastic and depends on a multitude of external factors. The non-linear interaction of the load with these factors adds to the complexity in load forecasting which is a pre-requisite for effective implementation of DSM [10, 11] . This paper presents an innovative DSM approach that can be employed in the future smart grids. The approach uses smart meter data for extended k-means clustering and profiling to develop alternate profiles. The alternate profiles transpose the N-dimensional non-linear functions into a concatenation of continuous differentiable linear functions. These profiles are incorporated to generate load forecast and DSM application. The effect of prosumer has also been studied by considering 10% penetration of solar PV generation. The contribution of the approach originates from the combination of the extended kmean clustering, alternate profiling for use in forecasting, cluster selection index and DSM application at cluster level.
II. METHODOLOGY
The methodology for the DSM approach consists of multiple stages including data clustering, alternate energy demand profiling [12] , load forecasting, cluster selection and load shifting by DSM. A special consideration has been given to integration of renewable energy source i.e. solar photovoltaic (PV) by incorporating the PV capacity of 10% of individual clusters. The procedure adopted for all stages is detailed below.
A. Smart meter data clustering
As the number of consumers increases, the amount of data generated by smart meters tends to increase exponentially. The size of the data is a major hurdle in effective utilization of the smart meter data. The big data of smart meters requires machine learning algorithms and data mining techniques to extract the hidden knowledge and find patterns in the data which can be useful for system studies at different hierarchical level of the power system [10] . Data clustering is an unsupervised learning technique, which can potentially group smart meter consumers with similar consumption patterns [10] . There are many clustering algorithms which are used for clustering the smart meter data, however, k-means clustering is one of the most widely used clustering algorithm due to its simplest principle and fast convergence speed [13] .
A modified form of k-means clustering, namely extended kmeans clustering, is proposed in our earlier research [12] , which is used in the study of this paper. The detailed steps of the algorithm are given in Table I [12] .
The first stopping criterion of the extended k-means clustering algorithm pertains to a minimum number of consumers in the cluster and second criterion refers to the reduction in intra-cluster pattern similarity. The extended kmeans clustering produces distinctive clusters with high intracluster pattern similarity. The resultant clusters are then used for the extraction of load profiles for development of alternate profiles.
B. Alternate load profiling
The clusters resulting from extended k-means clustering are used to extract a representative profile for each cluster. The resulting raw profiles are often considered as the final representative profiles for the cluster. However, to develop the alternate profiles, the raw profiles are smoothed and then systematically linearized around the energy threshold points using Taylor series linearization process [12] . The alternate linearized profiles are optimized to enhance accuracy of representation by incorporating weighting factors for each individual pattern (linear pattern) in the profiles. These weighting factors are determined using particle swarm optimization with an objective function to minimize the difference of energy, between raw and alternate profiles, consumed during the interval of each pattern. Thus, Ndimensional raw profiles are transformed into concatenation of linear profiles. The detailed process of linearization is given in Fig. 1 [12] . weighting factors are determined using particle swarm optimization with an objective function to minimize the difference of energy, between raw and alternate profiles, consumed during the interval of each pattern. Thus, Ndimensional raw profiles are transformed into concatenation of linear profiles. The detailed process of linearization is given in Fig. 1 [12] . 
C. Load forecasting
The smart meter data provides an opportunity to forecast the load at different hierarchical system levels, however, the smaller the system, the more the uncertainty which is challenging. This has a direct impact on forecasting and alternate profiles can benefit the forecasting process by increasing the forecast accuracy and processing speed.
Artificial neural networks (ANNs) are commonly used in modern research for load forecasting [14] . The neural network architecture is set as feed-forward neural network with 4 layers and each consisting of 6 neurons. The prediction variables used in this study include temperature as the weather variable and hour of the day as calendar variable. Finally, the load variables included 24 hours lagged load, load at same hour from the previous week and average load of previous 24 hours. The same architecture and variable were used to forecast for both raw and alternate profiles. Training data used for both raw and alternate profiles is half hourly energy consumption records of 504 days and the forecast was generated for the next 168 hours.
An important aspect of the forecast accuracy using a neural network is determining the correct learning rate. The convergence of solution is highly dependent on learning rate [15] and this necessitates a suitable learning rate for good forecast results. The best learning rate for raw and alternate profile may vary as the data functions vary significantly from each other. To address this issue, a dynamic algorithm is created which starts training the network for each raw and alternate profile with initial learning rate of 0.01 and increment of 0.01 up till 1. The algorithm selects the learning rate which gives minimum forecasting error. The dynamic selection of learning rate enables higher forecasting accuracy as each profile has optimum accuracy at different learning rate. Thus, neural network parameters are fine tuned for each profile to generate the best results.
D. Demand side management (DSM)
DSM most commonly serves the purposes of peak clipping, valley filling, load shifting, load growth, load conservation or to make the load shape flexible [1] . As discussed in the introduction, load shifting is the most commonly used DSM technique, particularly with development of smart loads, the deferrable loads can automatically respond to the utility signals. Therefore, this study incorporated load shifting with different levels of demand flexibility ranging from 10% to 90%. This helps in quantifying the impact of consumer participation on the objective function. This study does not consider the consumer discomfort in DSM application and will be included in future studies. A comparison has been made between cost saving by DSM application for raw forecasted profile and alternate forecasted profile both with and without PV.
An important aspect in DSM application at distribution system level using the smart meter data is selection of the appropriate consumers. The appositeness of the consumers is decided by the cluster load profiles and it should be such that causes minimum disruption to the consumers and avoids customer discomfort.
Thus, the objective of cluster selection should enable DSM to achieve maximum cost savings with minimum consumer disruption. To achieve this, an algorithm (Fig. 2) is developed which selects the clusters based on an index considering per consumer energy density in each cluster during the peak load hours in combination with the forecast error. The clusters with the highest index are selected first for DSM. Before selection of the clusters, total system load is quantified using the summation of all cluster loads. The peak hours are identified from the system load curve. In this study, the periods with load beyond 85% of the maximum system load are considered peak hours. The peak is result of combined load by all clusters as given in (1) Where, EPT represents the total energy consumed by the system during peak hours and represents the energy consumed by cluster ' ' during peak hours. Average energy consumed by each member of cluster 'k' quantified as in (2); (2) ECk represents the average energy consumed by members of cluster ' ' during peak hours.
is number of consumer in cluster ' '. Finally, the selection index ' ' is calculated using (3) . (3) The cluster selection index 'S' incorporates the impact of the mean absolute percentage error (MAPE) by adding the energy difference due to the MAPE. The MAPE is taken from the available historic forecast error of each cluster. The index S helps in selection of clusters with low number of consumers and in turn provides the utility an opportunity to identify the target group of consumers for DSM participation.
Clusters are selected using the selection index starting with the single cluster which carries the highest value of 'S'. The selected cluster is evaluated for the percentage of the system energy. If the energy of the cluster is less than 20% of the system energy, cluster with next high value of the index is added to selection. At each point, the selection is checked to be a minimum of 20% of the system load so that when applying the demand flexibility, a minimum of two percent impact on the system load can be achieved i.e. with 10% demand flexibility. Once the selection is finalized, the selected clusters are utilized for DSM.
The objective of DSM application in this study is to acquire maximum saving for the consumer by minimizing the energy consumption during peak hours when the electricity prices are higher as compared to off-peak hours. The DSM optimization problem is solved using linear programming. The optimization problem can be mathematically formulated as in (4); (4) where, is the cost of energy consumed at time i and is defined in (5); (5) is forecast load at time given in kWh and gives the price of energy at the time and is given in pence/kWh. To ensure that the energy before and after optimization remains the same, an equality constraint is introduced (6); (6) where represents the real energy consumed and gives energy after the demand side energy management. Two Scenarios are considered for the upper bound of the optimization variable. In the first Scenario, the upper bound is set to equal peak value of the cluster, whereas in the second case peak shaving of 5% is considered.
Impact of solar PV integration at cluster level has also been analysed by incorporating 10% PV penetration in each cluster. However, this is considered as a data pre-processing element by using simulated PV profiles to reduce the system load as per PV generation during the day.
III. NUMERICAL APPLICATION AND RESULTS
For the case study, smart meter data for more than 5000 homes and businesses from Ireland [16] with 30 minutes data resolution is used for clustering. The clusters are used to extract the alternate profiles which are used to forecast load for the next one week (168 hours) in half hour intervals. Fig. 3 shows raw and alternate profiles of a cluster to demonstrate the difference between the two profiles.
The linearization process is applied to both PV and load profiles to create alternate load and generation profiles. For incorporation of the PV profile into the load profile, the simulated PV profile is normalized between 0 and 1 and multiplied with 10% of the average cluster load before subtracting it from the cluster load. These profiles are used for short term load forecast.
A comparison of forecast accuracy for raw and alternate profiles with and without PV integration is carried out. It can be clearly seen from Fig. 4 that the alternate profiles demonstrate better forecasting accuracy than the raw profiles. The MAPE with and without PV does not vary significantly in majority of the clusters because the overall reduction due to PV in the entire distribution system load is nearly 2% of the total distribution system energy during the day. An increase in the PV capacity can potentially have a higher impact on the forecast accuracy.
Two DSM cases are simulated with each case considering two DSM Scenarios for raw and alternate profiles. The price of electricity to determine the cost of total energy consumed is considered dynamic with Time-of-Use Tariff i.e. higher rates for peak hours and lowers for off peak hours. 10 clusters selected through the cluster selection process discussed above are individually used for DSM application and their combined effect of DSM is evaluated for system profiles. The cases are briefly discussed below.
A. CASE I
In the first case, the smart meter data is considered for load forecasting and then DSM application. PV generation is not considered. Two different Scenarios are simulated for case I and both Scenario compare the results of DSM application using raw and alternate profiles. The Scenarios and results are given in the following;
Scenario I
In the first Scenario, the objective function is set to minimize the cost of energy consumption to maximize the savings of electricity consumers. The constraints include an equality constraint to ensure that the total energy consumption over the day should remain constant. This constraint is considered in all cases and scenarios. The upper limit of the objective profile is set as the maximum value of load in the cluster profile. This limits the maximum value of load and limits the load to the existing peak. Scenario I is simulated using the raw and alternate forecasted profiles to compare their efficacy. Fig. 5a shows cost saving for raw and alternate profiles in Scenario I. It is clear from Fig. 5a that except 90% demand flexibility, the alternate profiles propose higher cost saving. Impact of level of selected clusters load on the DSM for raw and alternate profiles is proportional and overall dominance of alternate profiles stays unchanged.
Despite optimum cost saving for consumers, the utility can face another peak which can be higher than previous peaks, however this can be handled by coordination between the different clusters or by choosing the right level of demand flexibility as secondary load control.
Scenario II
In addition to conditions in Scenario I, Scenario II considers load shifting with peak shaving of 5%. As the upper bound is reduced to 95%, the freedom for the optimization variable to find global optima reduces thus overall cost savings using peak shaving reduces as compared to Scenario I. The alternate profiles once again provide higher cost saving solution as compared to the raw profiles. Fig. 5b shows the cost saving for raw and alternate profile for Scenario II.
B. CASE II
Case II simulates the DSM application on the load profiles which have already incorporated PV generation of 10%. Raw profiles incorporated raw PV profiles while the alternate profiles were incorporated with alternate PV profiles (linearized generation profiles). Two Scenarios (as in Case I) are considered to simulate DSM for PV integrated loads. The same clusters are selected by the cluster selection algorithm as in Case 1.The selected clusters are used for DSM application and two Scenarios considered for DSM are described below;
1. Scenario I Scenario I in case II considers similar conditions as in Scenario I of case I. As described above, all clusters are already incorporated with PV generation. The results given in Fig. 6a show that there is a significant improvement in the cost saving for alternate profiles and only slight improvement in savings with raw profiles. The intermittency of the PV increases the non-linearity of the raw profile and consequently the solution provided by linear programming is not optimum as compared to the alternate profiles where the profiles were more convex resulting in a better solution.
Scenario II
Scenario II considers the raw and alternate profiles with 10% PV penetration for load shifting with 5% peak shaving. From Fig. 6b it is evident that for Scenario II, the cost savings face a slight reduction as compared to case I. However, interestingly in this Scenario, even 10 clusters of raw profiles showed higher savings as compared to the 15 raw clusters DSM. This relates to non-linearity of the higher level of load for raw profiles as the intermittent PV profiles were non-linear and they added to the non-linearity of the existing profile. Whereas, the alternate generation (PV) profiles were incorporated in alternate profiles thus the convexity of the alternate profiles was maintained.
A comparative analysis of both cases suggests that alternate profiling method produces better DSM optimization solutions with higher cost savings as compared to raw profiling method. The savings increase with increase in the load for DSM as the flexibility to find the optimum solution increases. An overview of the results for both cases shows that higher demand flexibility results in higher cost savings. Although the second Scenario of peak shaving tries to control occurrence of second peak, the combination of different cluster loads can potentially create another peak. This can be controlled by using different levels of demand flexibility of the clusters. It has been observed that the peak of load starts to rise after 25% demand flexibility. Therefore, the threshold of demand flexibility should be 25% to ensure a smoother system profile with reduced risk of rebound. The results also show that the alternate profiles provide relatively better DSM solution at lower demand flexibility as compared to the traditional DSM approach which uses raw profiles. This is due to the inherent non-linearity of the raw cluster profiles leading to sub optimal solutions. The nonlinearity leads to highly non-convex behaviour of the raw profiles and linear optimization techniques do not necessarily provide the optimal solutions for such profiles.
It is important to see the impact of DSM optimization at individual cluster level to the reshaped system profile. The reshaped profile in Fig. 7 (scenario I, Case II) signifies the benefit of linearity of alternate profiles. The system profiles shown in Fig. 7 demonstrate relatively smoother and uniform reshaped system profile for alternate profile as compared to the raw profile. Due to the limitation of demand flexibility, the overall growth or reduction in the cluster load for the cases of raw profiles tends to be non-linear and consequently non-linear reshaped profiles. The alternate profiles produce linear boundaries for optimization problem with linear constraints resulting in optimal solution. The solution provided using raw cluster profiles does not provide a uniform load growth and reduction of load. Whereas the system profile after DSM using alternate profiles is smoother and uniform.
The paper has presented a smart approach for DSM where load profiles of smart meter consumers are clustered and the Ndimensional non-linear data functions are systematically linearized to concatenation of linear profiles which are used for DSM optimization. The convexity of data functions has been tested for DSM optimization and results have validated the applicability and effectiveness of the approach with case studies.
IV. CONCLUSION
Demand side management has the potential to provide benefits at the power distribution level. An innovative approach for DSM application at the power distribution system level is proposed in this paper by incorporating smart meter data. The approach used extended k-mean clustering and linear programming for DSM application by incorporating alternate profiles to enhance the convexity of non-linear profiles.
The results using the proposed approach show significant increase in monetary benefits at lower demand flexibility levels as compared to the conventional approach. The paper also argues that proposed DSM approach provides true benefits for the electricity consumers for their participation in the DSM process.
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